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1 Nomenclature.1

Table 1 summarizes the nomenclature used in this paper. They are categorized2

into Greek letters, as well as lower-case and capital Latin letters.3

Table 1: Nomenclature

Variable Unit Description

α ∈ A [-] Turning ratio in set of turning ratios
α̃ [-] Factor impacting the queue growth due to turning

flows
β [-] Time-dependent capacity constraint representing

traffic signals
∆t [h] Numerical step length in the temporal dimension
∆x [km] Numerical step length in the spatial dimension
∆N [veh] Cycle-based difference in supply and demand
δN [veh] Cycle-based difference in supply and demand at a

signal phase change
κ [veh/km] Density
κmax [veh/km] Jam density
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Table 1: Nomenclature (continued)

κopt [veh/km] Optimal density
κ′ [veh/km] Transformed density
θ [-] Ratio of the free-flow speed u and the backward wave

speed w
τ [s] Time between beginning of active phase and te

σ [h] Duration of spillback impact
λ [-] Inflow factor at origin links
γ [-] Factor for approximating congestion propagation

c [s] Cycle length
cf [-] Cycle when the final vehicle reaches the intersection
g [s] Duration of a green phase
i, j [-] Indices for corridors
k [-] Index for intersections and links
l [km] Link length
m [-] Index for moving observer
o [s] Offset
p [-] Valid path
q [veh/h] Flow
qf [veh/h] Flow during the cycle cf

qmax [veh/h] Link capacity
q̃ [veh/h] Maximum average flow during green phase
q̃d [veh/h] Flow q̃ constrained by demand only
q̃s [veh/h] Flow q̃ constrained by supply only
q̃j−→i

k,s [veh/h] Flow q̃ on Ci constrained by spillbacks from Cj

r [s] Duration of a red phase
t [h] Temporal dimension
tb [h] Beginning of spillback impact
te [h] End of spillback impact
tf [h] Time instant when the final vehicle leaves the inter-

section.
tk,dq [h] Time instant when the queue starts to grow at the

downstream end of the link k
tk,uq [h] Time instant when the queue reaches the upstream

end of the link k
u [km/h] Free-flow speed
v [km/h] Speed
w [km/h] Backward wave speed
x [km] Spatial dimension
zp [veh] Cost of path p

B [-] Curve in time and space along which the boundary
data NB is given

C ∈ C [-] Corridor in set of corridors
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Table 1: Nomenclature (continued)

G [-] Hypernetwork
I ∈ I [-] Intersection in set of intersections
K [veh/km] Network-wide average density
Kk [veh/km] Maximum density on the link k.
Kmax [veh/km] Network-wide jam density
L ∈ L [-] Link in set of links
N [veh] Cumulative count
Nc [veh] Maximum number of vehicles passing an intersection

during a cycle
Ne [veh] Cumulative count at the end of a green phase
Ns [veh] Cumulative count at the start of a green phase
N [-] Physical road network
P (x, t) [-] Generic point in time and space
P [-] Set of valid paths from B to P
Q [veh/h] Network-wide average flow
R(vm) [veh] Average maximum passing flow for a moving observer

m
Zm [veh] Sum of all costs along the path of a moving observer

m

2 Review of the variational theory and the method4

of cuts5

This section briefly describes the basics of VT and MC as our framework builds6

upon these methods. Moreover, we highlight the deficiencies of current MC-7

based approaches to estimate the realized network MFD.8

2.1 Variational theory9

Daganzo (2005a,b) formulated the VT framework to solve complex and hetero-10

geneous KWT problems. This framework determines the cumulative number of11

vehicles N(x, t) that have passed the location x of a road by time t, for given12

boundary conditions. It requires the definition of fundamental diagram(s) (FD),13

i.e., q(κ), network topology including signal control settings, bottlenecks (mov-14

ing or stationary), as well as boundary data NB along a curve B. The density15

is denoted by κ. Recall that the FD is characterized by the free-flow speed u,16

the backward wave speed w, and the link jam density κmax. The capacity qmax17

is derived at the optimal density κopt, i.e., qmax = q(κopt).18

To determine the cumulative count N at a point P (x, t), we need to find19

the valid path p ∈ P starting at the boundary B, ending at P , and leading to20

the minimal increase of N over p. A path p is denoted as valid if its slope lies21

between the extremal speeds v ∈ [w, u] where w has a negative value. Based on22
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the slope of the path, costs zp are defined. These costs refer to the maximum23

number of vehicles that can pass a moving observer traveling along the path p.24

Given the set of paths P, as well as the associated costs zp and boundary values25

NB,p associated with each path p, the cumulative count NP can be found by a26

shortest path search as follows:27

NP = min
p∈P

{NB,p + zp}. (1)

By defining a numerical grid representing the solution space, we can find the28

cumulative count N based on eq.(1). Several possibilities for building problem-29

specific numerical grids exist (Daganzo and Menendez 2005). One option for30

signalized corridors is to define the temporal and spatial distances as ∆t and31

∆x, respectively. Then, the points on this grid are connected with horizontal32

and slanted edges which slopes correspond to v ∈ {w, 0, u}. The cumulative33

number N(x, t) where (x, t) are points on the numerical grid, can then be found34

as follows:35

N(x, t) = min(N(x − ∆x, t − ∆t),
N(x + ∆x, t − θ∆t) + ∆xκmax,

N(x, t − ∆t) + β).
(2)

where θ = | u
w | is the absolute value of the ratio of the free-flow and the backward36

wave speed. If θ is an integer, the equation represents a lopsided numerical37

grid which facilitates the application of eq.(2), as nodes in the graph align38

horizontally. In cases where θ is not an integer, a shear transformation (e.g.,39

Laval and Chilukuri 2016) can be applied to transform a triangular FD such40

that θ becomes an integer. Otherwise, although possible, the construction of the41

network becomes more cumbersome. The parameter β accounts for any capacity42

constraints such as traffic signals. More specifically, if β = 0 the capacity equals43

zero, which can for example, represent the red phase of a traffic signal. Green44

phases can be modelled by setting β = qmax. For more details, please refer to45

Daganzo and Menendez (2005), Leclercq and Paipuri (2019), Tilg et al. (2021).46

2.2 Original method of cuts47

Based on the concept of VT, Daganzo and Geroliminis (2008) introduced the48

MC to analytically approximate the idealized MFD for regular corridors with49

uniform link FD, block lengths, and signal control characteristics across all inter-50

sections. Leclercq and Geroliminis (2013) further extended the methodology to51

consider heterogeneous topologies, i.e., corridors with varying block lengths and52

signal settings. Laval and Castrillón (2015) integrated the MC into a stochastic53

context to be able to apply it to long corridors with varying parameters. Da-54

ganzo and Lehe (2016) formulated a linear program based on the MC to further55

simplify the estimation of the idealized MFD for corridors. Dakic et al. (2020)56

proposed a stochastic shortest path algorithm to model bi-modal interactions57

and their stochasticity along the corridor. A fundamental assumption of the58
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MC and its extensions is the existence of stationary traffic states driven by a59

constant inflow. In the following, we provide a brief summary of the current60

state of the art, and how to apply the MC for a simple example. We refer inter-61

ested readers to the original papers for further details. Note that these methods62

estimate the idealized MFD.63

MC’s required parameters are the number of links in the corridor, the number64

of lanes, the length of each link, the signal parameters, and the FD. Similar to65

VT, a numerical grid is defined based on these parameters, i.e., the so-called66

global variational graph or hyperlink. However, the graph is not discretized with67

∆t and ∆x, but consists of horizontal edges only at the location of intersections68

Ik referring to both green and red phases, g and r. The index k describes a69

link and its downstream intersection along a specific corridor. The horizontal70

edges are connected with slanted edges, which slopes are either equal to the71

free-flow speed u, or the backward wave speed w. The slanted edges start72

at the bottleneck termini and end where they reach the next horizontal edge73

representing a red phase. As in VT, costs are associated with each edge and74

relate to the maximum number of vehicles that would pass a moving observer75

traveling along such an edge. Figure 1a shows an example for a hyperlink76

corresponding to a corridor with two intersections Ik and Ik+1. The horizontal77

edges are defined by green and red phases gk, gk+1, rk, and rk+1.78

a) Example of the variational graph in-
cluding the path of observer m.

b) Idealized MFD defined by a family of
cuts, including the one corresponding to
observer m.

Figure 1: Variational graph including a moving observer’s path and its transla-
tion to the idealized MFD.

Based on the hyperlink, the idealized MFD for the given corridor can be79

estimated as follows. The flow qP at a certain point P (x, t0) approaches a80

location-independent limit for the case of a steady state given a certain initial81

density. Daganzo and Geroliminis (2008) described this flow as q = NP /t, t =82

t0 → ∞. The upper bound for the flow in the corridor can be derived as follows:83

Q(K) = inf
vm

{Kvm + R(vm)} , (3)

where Q(K) is the average flow, K is the average density in the corridor, and vm84
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is the average speed of a moving observer m. R(vm) = Zm/t, t = t0 → ∞ is the85

maximum flow that passes, on average, the moving observer m. The parameter86

Zm is the sum of all costs along the path of moving observer m. This equation87

corresponds to a straight curve in the (Q, K) - plane and is referred to as a cut.88

Figure 1 illustrates the procedure for a single cut as an example. The blue89

dashed line corresponds to the path of moving observer m. The costs Zm are zero90

since only edges representing red phases and slanted edges with v = u are part of91

the moving observer’s route. The corresponding costs z of these edges are zero,92

as no vehicles can pass the moving observer traveling along them. The average93

speed vm is displayed as a dotted blue curve. In Figure 1b the corresponding94

cut is shown as a blue dotted line again. Repeating this procedure, and thus95

evaluating eq.(3) for different K and moving observers with different average96

speeds vm leads to a family of cuts, shown as the grey dotted lines in Figure 1b.97

These cuts constrain the average flow Q along with the evaluated range of K.98

The lower envelope of all cuts is the idealized corridor MFD, Q(K).99

3 Discussion of assumptions and limitations100

• Multimodality: The focus lies on unimodal networks. That is, we do101

not consider any modes apart from private vehicles. Nevertheless, there102

are multimodal extensions for the original MC which can potentially be103

integrated into our framework. They follow the idea of representing the104

effects of other modes on traffic states as moving or stationary bottlenecks.105

We consider this, however, out of scope and leave it for future work.106

• Existence of stationary traffic states: We assume that stationary107

states exist for any spatial demand pattern if the temporal change is slow.108

Note that this is an assumption inherited from the original MC and further109

applies to the general notion of the MFD (Daganzo 2007). Furthermore,110

we assume that such stationary states can be reached. For a given spatial111

demand pattern, which is represented by turning ratios at intersections112

in our framework, we conjecture that stationary states exist for any such113

pattern if the temporal demand profile is constant. Both traffic states and114

shock waves travel with finite speeds within a network with finite length.115

Thus, shock waves reach the boundaries of the network within finite time.116

Once all shock waves arrive at the boundary, a stationary state is reached117

at the network level. However, we do not explicitly specify an initial state118

in the network. Instead, we solve for boundary conditions which result in119

a maximum network-wide average flow. Thus, we implicitly assume the120

existence of an initial state which leads to the capacity state of the network.121

Note that the existence of stationary states is a common assumption in122

related literature (e.g., Leblanc 1975).123

• Uniqueness of stationary traffic states: The uniqueness of station-124

ary traffic states might not necessarily be given. On the contrary, the125
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results from theoretical studies for simple network topologies (e.g., two-126

ring networks) indicate that congested traffic states might not be unique127

even when being stationary, but rather depend on the initial distribution128

of vehicles (Jin, Gan, and Gayah 2013). However, note that we only con-129

sider two different initial states to derive the MFD. The first regards an130

empty network, and the second to the network at capacity. Thus, the131

initial states are constant. This and the fact that our node models are132

deterministic indicate that the resulting MFDs from our framework are133

unique. Nevertheless, such considerations are only valid for a slow-varying134

demand profile. More specifically, if the demand changes faster than the135

system’s response can be (e.g., due to a larger network), then no station-136

ary states will occur (e.g., Leclercq and Paipuri 2019). Daganzo (2007)137

introduced the system’s relaxation time and further suggested approxi-138

mating it by the travel time across the related region. He further stated139

that a change in demand should occur slowly compared to the system’s140

relaxation time.141

• Conflicting streams: We only consider signalized intersections with-142

out modeling conflicting streams explicitly. However, conflicting traffic143

streams can be approximated by reducing the average capacity of cor-144

responding intersection approaches accordingly, e.g., based on headway145

distributions (Herz, Schlichter, and Siegener 1976). Related to that, other146

intersection types such as 4-way stops can be included if capacity estimates147

for the corresponding intersection approaches exist.148

• Queueing discipline: We assume that vehicles follow a FIFO discipline149

on all links and at diverges (Newell 1993). Turning lanes can be introduced150

by splitting a link, and defining the turning ratios at the downstream end151

of each lane accordingly. For example, the turning ratio at the down-152

stream end of a right-turning lane would be 1, while it would be 0 at the153

downstream end of the straight-going lane.154

• Intersection connectivity: For the sake of simplicity, our framework155

only applies to cases where vehicles at intersections can either remain on156

the main corridor or change to a single adjacent corridor. Thus, only157

either left, right, or u-turns, but not multiple turning options can be mod-158

eled for a given link. The possibility of describing turning flows between159

more than a pair of corridors is left for future work. While the general160

framework is able to account for multiple turning options since the basic161

functionality requires no substantial modification, it would at least neces-162

sitate the specification of turning ratios for each option and the coupling163

of more than two corridors at intersections.164

• Turning ratios: While we allow turning ratios to vary between intersec-165

tions, we assume them to be constant across time. This results from our166

focus on deriving stationary states which cannot reasonably be achieved167

with time-dependent demand profiles.168
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• Network-wide jam density: When we restrict capacities at destination169

links, the density K is influenced by the remaining network outflow and170

inflow. The strongest outflow restriction is represented by a simultane-171

ous closing of all destination links. If some links were not closed, vehicles172

could still leave the network. However, the queue growth throughout173

the network that results from the outflow restriction highly depends on174

the turning ratios at each intersection. A blocked intersection leads to175

zero flows at all downstream links independently of the respective queues.176

Thus, the link densities can be smaller than κmax. The network inflow177

is determined by the maximum of the demand and the capacity of origin178

links. While the demand is independent of the outflow restriction, the179

capacity of origin links depends on whether queues have already reached180

these links. Due to traffic interdependencies in the network, queues can181

grow even though some destination links might not be restricted. In other182

words, a queue growing from one restricted destination link can finally183

block multiple origin links. Thus, for the case of a non-simultaneous out-184

flow restriction, we assume that net outflows out of the system are larger185

than in the case of a simultaneous outflow restriction. Therefore, we con-186

jecture that the maximum number of vehicles in the network, and thus187

Kmax considering spatial demand patterns, can be achieved in the latter188

case.189

• Density transformation: To approximate the congested branch, we190

mirror those traffic states by changing the sign of κ′ for each traffic state191

(κ′, q). Re-transforming the original as well as the newly generated traffic192

states based on eq.(27) in Section 5.3.2 of the paper, and considering Kmax193

instead of the link jam density κmax leads to a fully defined MFD including194

the congested branch. Hereby, the main assumption is that the symmetry195

still holds even though we utilize the reduced network jam density instead196

of the link jam density. This assumption is equivalent to assuming an197

increase of the average speed with which congestion spreads at the corridor198

level. Thus, also the average backward wave speed can be decreased (i.e.,199

the value becomes more negative). This seems to be reasonable given the200

following example. Consider a corridor with three links in a network. Let201

us assume the most downstream link becomes fully congested, but then202

queues from adjacent corridors block the upstream intersections such that203

the second link remains empty, and the queue continues to grow on the204

most upstream link. Eventually, only the most downstream and most205

upstream links are fully congested, while the middle link remains empty.206

Congestion spreads with the corresponding shock wave speed on the most207

downstream link, skips the middle link, and then spreads on the most208

upstream link. The total time to reach a stationary state divided by the209

corridor length can be interpreted as the speed with which congestion210

spreads for this specific corridor. This speed is higher than for the case211

without any network effects. This corresponds to the implicit assumption212

that the average speed with which congestion spreads is increased, when213
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we apply the shear transformation using the network jam density Kmax.214

Thus, we conjecture that assuming the symmetry to hold for Kmax is215

reasonable.216

4 Network decomposition217

The initialization of the problem (Step 0) defines a physical road network N218

consisting of intersections I ∈ I and links L ∈ L. Moreover, it includes the219

specification of signal control settings, i.e., red r and green times g, cycle lengths220

c and offsets o, as well as turning ratios α ∈ A at each intersection I. All221

information from N including topological features, turning ratios α, and control222

settings for I ∈ I have to be retained when the network is decomposed (Step 1).223

Note that the turning ratios are an exogenous input. The two main requirements224

for decomposing the network N are:225

1. The set C includes all links L ∈ L.226

2. Each link L exists only once in C, i.e., the corridors do not have any227

overlapping segments.228

For small toy networks, we can determine the set C manually from N . More229

general, realistic networks can be decomposed according to the actual layout230

of the roads. This includes arterials, avenues, and streets. Each road can be231

represented as a corridor C and as such be incorporated in G. This will always232

satisfy both conditions mentioned above. Requirement 2 does not preclude the233

potential existence of circular routes in the network (see Tilg et al. (2021) for234

more details). Such interdependencies across links are essential to realistically235

model the propagation of traffic congestion. Note that the set C might affect236

the MFD to a certain extent.237

5 Derivation of α̃.238

The maximum flow qmax can be written as qmax = uκopt and qmax = w(κmax −
κopt). From this follows that:

u = w
κmax − κopt

κopt
. (4)

Furthermore, from the fundamental diagram as depicted in Figure 2 we can
write:

αqmax = (κmax − ακopt)α̃w. (5)

Then, we can reformulate this equation to:

α̃ = αqmax

w(κmax − ακopt) (6)
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Figure 2: Illustration of α̃ in the FD.

By putting qmax = uκopt, dividing by kopt, and reformulating the denomi-
nator, and finally utilizing eq.(4), we get the following:

α̃ = αqmax

w(κmax − ακopt)

= αuκopt

w(κmax − ακopt)

= αu
w

κopt
(κmax − ακopt)

= αu
w

κopt
(κmax − κopt + (1 − α)κopt)

= αu
w

κopt
(κmax − κopt) + w

κopt
(1 − α)κopt

= αu
w

κopt
(κmax − κopt) + w(1 − α)

= αu

u + w(1 − α)

(7)

This concludes the derivation of α̃ as used in the paper.239

6 Sensitivity study240

6.1 Impact of route selection241

An assumption made in order to reduce modeling complexity and computational242

burden while approximating the network MFD refers to the set of routes based243

on which the free-flow branch is estimated. In the nMC, we propose to estimate244

the free-flow branch for each corridor C ∈ C being aware that this is a simpli-245

fication. In order to study the implication of this simplification, we estimate246

the MFD based on the nVT approach for two different sets of routes in the247
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network in the following. First, we evaluate the MFD based on C, which results248

in 24 different routes. Second, we extract the shortest paths for all OD pairs in249

the Sioux Falls network and define each path as a route for which the MFD is250

estimated. In this case, the number of routes increases to a total of 576. Note251

that the capacity branch is not affected by this assumption and the congested252

branch equals the transformed free-flow one. Therefore, we only evaluate the253

free-flow branch of the MFD for the two sets of routes and compare them below.254

Figure 3: Comparison of the impact of route selection.

Figure 3 shows the free-flow branch of both MFDs. The solid black curve255

labeled as ‘nVT 1’ represents the derived free-flow branch based on C. The256

dashed black curve ‘nVT 2’ illustrates the one which results from considering257

the second set of routes. The figure indicates that indeed the estimation’s258

accuracy is further increased by the latter approach as the curve is closer to the259

ground truth MFD. However, the number of paths to be evaluated is 24 times260

higher in our case study. This leads to a significant increase in computational261

cost. In the end, the selection of routes for the MFD estimation is use-case262

dependent and the choice represents a trade-off between computational burden263

and estimation accuracy.264

6.2 Impact of turning ratios265

Here, we aim at evaluating our framework for the presented network with dif-266

ferent turning ratio sets A. More specifically, we first analyze the variability of267

the resulting MFDs from the ground truth to validate that spatial demand pat-268

terns indeed have an impact. Second, we compare the results from our proposed269

framework to the state of the art and the ground truth to assess the quality of270

our approach. Last, we pick a specific set A, introduce small deviations, and271

investigate the effects on the resulting MFDs based on our framework. This in-272

dicates the robustness of our MFD estimation method against different spatial273
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demand patterns.274

For the first analysis, we randomly select ten different reasonable sets A with275

turning ratios ranging again between α = [0.25, 0.75] with a mean at 0.5. We276

then evaluate the CTM ground truth, the nVT, the FS, and the LS approaches277

to derive the hypernetwork, and the nVT and QP approaches to approximate278

the network jam density Kmax. Moreover, the state-of-the-art methods are279

applied. We estimate the free-flow branch only for the set C, as we have shown280

in the previous section that the impact of this assumption is minor.281

As the proposed methodology primarily focuses on improving the estimation282

of the maximum flows q̃ and thus the network-wide capacity Qmax, as well as283

the jam density Kmax, we merely compare the corresponding results. This284

allows us to drastically reduce the scenarios to be run with the CTM. The285

results from the CTM simulation lead to varying Qmax and Kmax for each286

scenario as illustrated in Figure 4. A range of about 200 veh/h for Qmax can be287

observed. The values of Kmax cover a range of nearly 25 veh/km. The significant288

variability in these results shows that the MFD indeed depends on the spatial289

demand pattern in the network. This further indicates that a framework to290

estimate the MFD for specific spatial demand patterns is beneficial. Despite291

the assumption regarding the existence of stationary states, which might be292

violated in reality, the approximated MFDs can be useful.

a) Qmax from CTM simulations with
varying turning ratios.

b) Kmax from CTM simulations with
varying turning ratios.

Figure 4: Boxplots showing the variability of Qmax and Kmax across the eval-
uated scenarios.

293

To further assess the nMC, we calculate the absolute relative differences294

∆Kmax and ∆Qmax for the MFD estimations from both the proposed framework295

and the state of the art, compared to the ground truth. For example, the296

absolute relative difference ∆Qmax between the nVT approach and the CTM297

can be calculated as ∆Qmax = | Qmax,nV T −Qmax,CT M

Qmax,CT M
|. Analogous calculations298

are performed to derive the other absolute relative differences. Note that Qmax299

and Kmax for all state-of-the-art methods remain invariant across the scenarios300
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since they do not account for turning ratios.301

a) Absolute value of the relative differ-
ence ∆Qmax.

b) Absolute value of the relative differ-
ence ∆Kmax.

Figure 5: Analysis of the estimated network-wide capacity Qmax and jam den-
sity Kmax. The evaluated approaches are the proposed framework, i.e., LS-QP,
FS-QP, and nVT, as well as the state of the art, i.e., DG, LC, and AL.

Figure 5 summarizes the results. Figure 5a shows the difference in the ca-302

pacity estimation from the proposed LS-QP, the FS-QP, the nVT approach,303

and the state of the art compared to the ground truth values. The differences304

of the methods ‘DG’ and ‘LG’ do not vary since their estimated capacity is305

equal. The figure clearly shows the substantial improvement in the estimation306

accuracy regarding the network-wide capacity of all three proposed methods.307

Moreover, it is apparent that the FS-QP approach, which models network-wide308

spillback propagation in more detail, is more exact than the LS-QP approach,309

which does not account for such effects. Furthermore, the nVT approach is even310

more precise in estimating the network-wide capacity. The average capacity es-311

timation of the proposed approaches is more than five times as accurate as the312

estimate by the state of the art. Additionally, we investigate the estimation of313

the network-wide maximum density Kmax (see Figure 5b). While the average314

estimation of Kmax by the nVT approach seems to be more accurate than the315

one by both approximate approaches, the differences are less obvious. Again,316

the proposed methods substantially improve the estimation of Kmax compared317

to the state of the art, which assumes the jam density equal to the one of the318

link FD, i.e., Kmax = κmax. On average, the estimated Kmax is more than five319

times closer to the ground truth value than the estimate from the state of the320

art.321

The analysis above showed that our proposed framework has reasonable ac-322

curacy. This lets us conduct analyses that are not possible with other methods,323

such as the CTM, due to their high computational cost. To showcase this, we324

further examine the robustness of the estimated MFD with regard to small devi-325

ations of the turning ratios. To analyze the effect of small deviations of turning326
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ratios, we first define a reference set A and then introduce random variations327

with a maximum of ±5 % relative turning flows. We sample 100 sets with dif-328

ferent variations and evaluate the MFD for each of them based on the FS-QP329

approach. The results are displayed in Figure 6 as boxplots for Qmax and Kmax,330

including the relative differences to values referring to the reference set A. The

a) Qmax from FS-QP-based MFD esti-
mation with varying turning ratios.

b) Kmax from FS-QP-based MFD esti-
mation with varying turning ratios.

Figure 6: Variability of Qmax and Kmax for the evaluated scenarios with small
deviations of turning ratios.

331

values of the capacity Qmax lie in a range of about 40 veh/h. Compared to the332

results displayed in Figure 4 which correspond to a strong variation of turning333

ratios, this is clearly a small range of variation. This is further highlighted by the334

relative differences which are below 4 %. However, it is apparent that the capac-335

ity of the estimated MFD is sensitive to turning ratios. Fortunately, due to the336

low computational cost of the proposed approach, one can increase the robust-337

ness of the results by simply introducing small deviations in the turning ratios338

and then taking the average capacity Qmax. Regarding the network-wide jam339

density, the absolute variation lies in a range of 5 veh/km. Considering that the340

relative differences are also below 4 %, except for two outliers, the sensitivity of341

the network jam density is similar to the capacity. Nevertheless, the robustness342

can also be increased by taking the average from an array of estimated values.343

These results can indicate how often the MFD has to be estimated during the344

day. More specifically, evaluating our proposed framework for specific turning345

ratios enables one to quantify how small deviations in the turning ratios affect346

the MFD. Thereby, one can identify the maximum variation of turning ratios for347

a specific intersection, or multiple ones, that corresponds to a given admissible348

variation of the MFD. This, in turn, allows one to identify the times of the day349

when the MFD has to be re-estimated to reflect variations in the turning ratios.350

This example further confirms that spatial demand patterns indeed impact the351

MFD and highlights the value the proposed framework provides for the analysis352

of urban traffic.353
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